In the last decade, voluntary environmental programs have increased considerably in scope. A novel use of these programs is to di¤use new technology in industry as means to improving their environmental outcomes. This paper tests whether the US Environmental Protection Agency's Combined Heat-and-Power Partnership has encouraged the installation of CHP applications since its start in 2001. Two hypotheses are tested here, whether (i) the Partnership has encouraged the installation of CHP applications and (ii) if the partnership has encouraged utilization of CHP once installed. Using nearest neighbor matching on data for electricity plants in the US, results …nd weak evidence that the program has helped CHP system spread, controlling for the selection of …rms into the partnership. 
Partnership (CHPP) was established in 2001 and represents this special application of voluntary programs. Designed as a multi-sector federal voluntary program, it aims to facilitate the di¤usion of combined heat-and-power (CHP) by giving early-stage consulting support to …rms, public recognition as well as by providing a platform for contacts and knowledge transfer. This paper attempts to …ll a gap in the literature concerning the e¤ectiveness of a program of this nature. The hypothesis to be tested is whether the partnership has encouraged the installation of CHP applications in electricity and manufacturing plants. In all of the estimates the coe¢ cient on CHPP partnership is positive; however it is not always statistically signi…cant. It would imply that the evidence points to a potentially successful program.
Introduction
The trend in environmental and energy policy over the past two decades has been to use market forces to ensure more e¢ cient outcomes. While there have been many successes (the Acid Rain program and natural gas deregulation for example), more recent policy decisions are either not taken or they specify goals without specifying instruments. The U.S. has not passed a comprehensive environmental law since the 1990 Clean Air Act Amendments and is largely without a comprehensive energy strategy (Hayward et al. 2010) . The UK Climate Change Act of 2008 sets emissions targets for …rms but does not provide direct incentives (taxes or tradable permits) to meet these goals. The European Union 20-20-20 system calls for a 20% reduction in energy use through increases in energy e¢ ciency. Most policies assume that meeting these targets will be facilitated with the use of new technologies which are either low emitting or improve the e¢ ciency of a given amount of energy. However, new technologies do not spread throughout industry as e¢ ciently as they should due to di¤usion externalities, like learning-by-doing, incomplete information or network e¤ects (Ja¤e et al. 2005) . Indeed, these issues are why a basket of policy instruments are shown to be more e¢ cient at achieving an emissions goal than any single instrument (Fischer & Newell 2008) . One potentially cost e¤ective way to overcome these adoption externalities is with a voluntary program like CHPP.
This type of program potentially complements policies that provide a goal but do not specify actions that need to be taken to achieve the goal. However, it must be shown that these voluntary programs are overcoming the externalities they are meant to correct for these arguments to hold. Lyon & Maxwell (2007) 
Data
The main data set used for the analysis is the EIA Form 906/920, a sample of utility and Further information on fuel and electricity prices, policy variables and indicators for participation in other voluntary programs was added to the data set. The average annual industrial electricity price for the state a plant is located in was taken from the EIA Electric Power Annual (2010). The average annual industrial price of natural gas for the state a plant is located in was taken from the EIA Natural Gas Annual (2010). The average annual industrial price of fuel oil for the state a plant is located in was taken from the EIA Petroleum
Marketing Annual (2009). If industrial prices were not available for the entire sample for either the gas or oil prices, commercial prices were used.
The policy variables contain information on state incentives to promote CHP which was gathered from U.S. EPA CHPP (2008), and emissions regulations. There are three indicators for the presence of a state environmental portfolio standard (EPS), which counts CHP as renewable energy source, the existence of …nancial state support schemes and for whether the state the plant is in has a restructured electricity market. An EPS dummy equals one all years after the state that a plant is located in passed EPS legislation, a Support dummy equals one in the year and all years after the state set up a program to promote CHP and a Deregulated Market dummy is one for the year and all years after has state has deregulated its electricity market. In the opposite outcome, the dummies are equal to zero. Information on electricity market status comes from the EIA (2003).
The emissions regulations e¤ects are captured by using a NO x regulation dummy that is equal to 1 if the state the plant is located in participates in the NO x SIP Call and/or the NO Census region dummy variables are created and take the value of one if the observation meets the given criteria and are zero otherwise. Summary statistics are given in Table I .
Model
Under the neoclassical theory of the …rm, the decision of technology adoption depends on pro…t maximizing rationale which leads a …rm to invest in the technology at any time when the future discounted bene…ts outweigh the costs of installing (DeCanio & Watkins 1998) .
Previous attempts to model the installation of CHP have generally focused on particular sectors and use similar variables to determine installation (see Bonilla et al. 2003 , Madlener & Wickart 2004 . Here, the net bene…ts are a function of prices, plant size as well as other incentives or policies a¤ecting the decision. In an ideal world without endogeneity one could model the probability of installation for partners and non-partners using a conditional panel logit model. Since this is mostly not true, the conditional logit model here serves as the benchmark and is described below.
The problem of endogeneity arises for several reasons. For instance, certain …rms may join CHPP although they would have installed CHP regardless of the existence of the program due to a predisposition towards such technologies (Videras & Alberini 2000 , Brouhle et al. 2005 .
Firms with this predisposition to join the program will consequently lead to an upward bias of the conditional logit estimates. On the other hand there also might be …rms that join CHPP without having the actual intention of installing CHP and therefore free-ride on the program which is a common problem of environmental voluntary programs (Delmas & Keller 2005) . In this case of self-selection the estimates would be biased downwards and counter the previous e¤ect, however it is hard to say which e¤ect is larger or whether they cancel each other out. To overcome such issue we use nearest neighbor matching in order to recover the average causal e¤ect of CHPP on CHP installations in the electricity and manufacturing sector since 2001. The matching estimator is described in more detail after the random e¤ects conditional logit setting.
Secondly, we employ a utilization model to test whether the partnership has led partner plants with a CHP system to use it more compared to non-partner plants with a CHP system.
The model is described after the nearest neighbor model.
Random E¤ects Conditional Logit
The installation of CHP is de…ned as a …rm's decision to install at least one unit of CHP at a given plant in period t, provided that this plant does not have any CHP installed prior to this point in time. The dependent variable for installation I i;t in a conditional probit model equals 1 if …rm i installs CHP at time t and is zero otherwise with the condition being that there has been no CHP installed in previous periods.
The probability of installation is:
for which CHP P i;t is a partnership dummy, P L i is a vector of plant characteristics including size, fuels used and location indicators. D i;t is a vector of fuel and electricity prices, and S i;t is a vector of state policy variables like state support for CHP installation or environmental portfolio standards counting CHP as a renewable energy source. The estimation sample for the installation model includes partner and non-partner plants. Once a plant has installed a CHP system, the remainder of their observations in the sample is dropped as otherwise the model would be trying to predict installation of a CHP system given that the plant has already installed.
Matching Estimator
Another option for evaluating whether the CHPP facilitated the installation of CHP systems is to use a matching estimator. Since it is impossible to observe both states of the world in which a plant installs CHP as a partner and as a non-partner, matching estimators are suited to shed light on this counterfactual setting. Although we cannot observe both outcomes for a single plant, we can observe both outcomes for two similar plants. The causal e¤ect of the partnership is then the di¤erence between the installing partner and installing non-partner plants that share the same characteristics. The average causal e¤ect of the partnership can then be estimated as E(I) = E(I 1 I 0 ), where the superscripts 1 and 0 denote partners and non-partners respectively. To circumvent the problem of selection bias, the nearest neighbor matching estimator identi…es partner and non-partner plants that have similar propensity scores, i.e. the probability of treatment response, conditional on the matching covariates. In the terminology of treatment e¤ects estimation, the CHPP partners are the treatment group and the non-partners are the so-called control group.
The nearest neighbor matching estimator depends on the assumption that joining the partnership is random for like plants given the matching covariates (see Abadie et al. 2004 ).
Since joining CHPP does not come at high costs as the only e¤ort is to …ll in a postcard sized agreement, this assumption is likely to be satis…ed. 
Utilization Model
Another manner in which CHPP might contribute to the success of CHP systems is if knowledge transfers and spillovers accrue to program participants who have installed CHP systems which help them to use more recycled heat. CHPP runs a number of workshops and webinars for partners to discuss their experience with CHP system. To test for this type of attribution, a CHP utilization analysis is performed which compares plants with CHP system by their partner status. The CHP use decision is represented by the model:
where R i;t is the amount of heat recycled by plant i in year t, i is a plant …xed e¤ect, CHP P i;t is a partnership dummy, P L i;t is a vector of plant characteristics including size, fuels used and location indicators. D i;t is a vector of fuel and electricity prices, and S i;t is a vector of state policy variables 3 . The CHP utilization analysis is performed with data for plants with a CHP system during the years which they have a CHP system installed. Table II The nearest neighbor matching estimates are listed in Table III . These results are for both sectors and the electric utilities sector only. There are not enough observations to use a matching estimator with the manufacturing sector data only. The table shows how the average treatment e¤ect for the treated is a¤ected by introducing a regression-based bias adjustment and controlling for heteroskedastic error terms. The bias adjustment controls for bias that could be introduced due to a low quality match (Abadie & Imbens 2006) . All estimates in Table II match on the one nearest neighbor match. When the bias adjustment and hetroskedasticity is controlled for, …rms joining the CHPP are statistically more likely to install CHP systems. The coe¢ cient implies that joining CHPP increases the likelihood of installing a CHP system by 5% across both sectors and 3% in the electricity sector. This result is not robust to removing the heteroskedasticity control though it is to removing the bias adjustment. Table IV Results provide some evidence that the program has helped CHP system spread, however it is not de…nitive. , and 1% significance, respectively, against a null of no effect Notes: Estimation sample includes all observations when a plant does not have a CHP system and the first observation with a CHP system. Other controls used are Year and Region Dummies. 
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